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Urban catchmenta b s t r a c t
This work presents the results of the implementation of a probabilistic system to model the uncertainty
associated to radar rainfall (RR) estimates and the way this uncertainty propagates through the sewer
system of an urban area located in the North of England. The spatial and temporal correlations of the
RR errors as well as the error covariance matrix were computed to build a RR error model able to generate
RR ensembles that reproduce the uncertainty associated with the measured rainfall. The results showed
that the RR ensembles provide important information about the uncertainty in the rainfall measurement
that can be propagated in the urban sewer system. The results showed that the measured ﬂow peaks and
ﬂow volumes are often bounded within the uncertainty area produced by the RR ensembles. In 55% of the
simulated events, the uncertainties in RR measurements can explain the uncertainties observed in the
simulated ﬂow volumes. However, there are also some events where the RR uncertainty cannot explain
the whole uncertainty observed in the simulated ﬂow volumes indicating that there are additional
sources of uncertainty that must be considered such as the uncertainty in the urban drainage model
structure, the uncertainty in the urban drainage model calibrated parameters, and the uncertainty in
the measured sewer ﬂows.
 2015 The Authors. Published by Elsevier B.V. This is an open access articleunder the CCBY license (http://
creativecommons.org/licenses/by/4.0/).1. Introduction
The quantitative measurement and forecasting of precipitation
is crucial for predicting and mitigating the effects of
ﬂood-producing storms. Real-time management of urban drainage
systems requires measurements and forecasts of precipitation with
high spatial and temporal resolutions (Verworn, 2002; Einfalt et al.,
2004). For instance a typical urban catchment of about 10 km2
requires spatial and temporal resolutions of about 3 km and
5 min respectively (Berne et al., 2004). Some urban catchments
have response times of less than a few hours, and weather radar
is the key component to provide short-term precipitation measure-
ments and forecasts. In fact, early studies highlighted the fact that
for urban hydrology it is desirable to have rainfall data with spatial
and temporal resolutions of 1 km and 1 min respectively (Schilling,
1991). However, there are well-documented cases where rainfall
with ﬁner spatial resolution (e.g. 5 ha) is required in environments
dominated by convective storms (Faures et al., 1995). Foundation
for Water Research described how ﬁne resolution rainfall dataare needed by the UK water industry and found that 5 ha subdivi-
sions and 2-min intervals are necessary for modelling what hap-
pens on a street scale and scale of individual properties (WaPUG,
2004). This highlights the need of rainfall data with high spatial
and temporal resolutions. Weather radars are able to provide rain-
fall measurements with high spatial (e.g. 1 km or lower) and tem-
poral (e.g. 5 min or lower) resolutions. In fact, several studies have
shown the potential of using high-resolution weather radar rainfall
estimates into urban drainage ﬂow modelling (Austin and Austin,
1974; Yuan et al., 1999; Han et al., 2000; Tilford et al., 2002;
Smith et al., 2007; Kramer and Verworn, 2009; Villarini et al.,
2010; Gires et al., 2012; Schellart et al., 2012; Schellart et al.,
2014; Goormans and Willems, 2013). However, radar rainfall
(RR) measurements are affected by various sources of error as dis-
cussed in different studies (e.g. Browning, 1978; Krajewski and
Smith, 2002; Villarini and Krajewski, 2010). Quality control and
correction techniques can certainly improve the estimation of pre-
cipitation using weather radar (Harrison et al., 2000, 2009; Fulton
et al., 1998). However, in spite of the signiﬁcant progress for cor-
recting and adjusting RR estimates, residual errors often remain
(see e.g. Krajewski et al., 2010). This has signiﬁcant consequences
in the context of hydrological applications of weather radar, in
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in large river systems and small urban areas.
Currently, there is a signiﬁcant amount of work in quantifying
the errors in RR (Ciach et al., 2007; Villarini and Krajewski, 2009;
Germann et al., 2009; Quintero et al., 2012; Dai et al., 2014a; Dai
et al., 2014b). The knowledge of the uncertainties affecting RR
measurements can be effectively used to build a
hydro-meteorological forecasting system in a probabilistic frame-
work. Rossa et al. (2011) summarised the progress made to quan-
tify uncertainties in precipitation observation and forecasting and
how these uncertainties propagate in hydrological and hydraulic
models for ﬂood forecasting and warning. Hydrological Ensemble
Prediction Systems (HEPS) have been developed for research and
operational purposes to assess the propagation of uncertainty into
hydrological predictions mainly implementing probabilistic rain-
fall predictions from Numerical Weather Prediction models (see
Cloke and Pappenberger, 2009, for a review on the topic). The
application of HEPS has recently been extended to account for
the assessment of the propagation of uncertainty from RR forecasts
(Schröter et al., 2011) and observations (Zappa et al., 2008; Liechti
et al., 2013) into hydrological systems. Most of the study cases
available in the literature deal with the propagation of RR uncer-
tainty through large river catchments (see e.g. Borga, 2002;
Vivoni et al., 2007; Collier, 2009; Zhu et al., 2013) and little is
known about the way the RR uncertainty propagates on simulated
ﬂow peaks/volumes in urban drainage systems. Schellart et al.
(2012) showed that for a small urban catchment, large differences
are observed in the ﬂow peaks simulated by radar and raingauges
due to the inherent uncertainties from both rainfall estimates.
Therefore, there is a need to quantify how much of the uncertainty
observed in the simulated sewer ﬂows can be explained by the
uncertainty in the rainfall estimates and by the uncertainties asso-
ciated with the sewer model (e.g. model structure, model parame-
ters, model calibration). A preliminary study on the propagation of
radar rainfall uncertainties into sewer ﬂows was carried out by
Liguori and Rico-Ramirez (2012) and Rico-Ramirez and Liguori
(2014), but using a limited number of events.
Probabilistic RR ﬁelds can be generated by adding perturbations
to the original RR ﬁeld. The perturbations should be able to repre-
sent the uncertainties in the RR measurements. There are two
methods to characterise the RR uncertainties. The ﬁrst method
compares RR estimations directly with observations of rainfall on
the ground such as those provided by raingauge measurements.
In this approach, the perturbations can be obtained by looking at
the spatial and temporal error characteristics of the RR measure-
ments assessed with reference to a ground true measurement.
This approach provides a direct estimate of the overall uncertainty
in RR estimations and includes all sources of uncertainty. For
instance, Ciach et al. (2007) developed the so-called
product-error-driven (PED) approach in which the relation
between the true rainfall and the radar-measured rainfall can be
described as the product of a systematic distortion function (repre-
senting the systematic bias) and a stochastic component (repre-
senting the random errors). Germann et al. (2009) developed a
radar ensemble system where the uncertainties in the RR can be
modelled by means of stochastic perturbations having the same
spatial and temporal correlation of the radar residual errors. The
second method to characterise the RR uncertainties uses static
models (Krajewski and Ciach, 2003). In this method, the individual
error sources in RR estimations are identiﬁed and quantiﬁed to
model their individual error structures, which are superimposed
to calculate the overall error structure. However, the individual
error structures are correlated in a complex manner and the super-
position is not trivial (Germann et al., 2009).
In this paper, we use the model proposed by Germann et al.
(2009) to generate the ensemble RR ﬁelds. This system has beentested and implemented for studies on Alpine catchments
(Liechti et al., 2013) and a similar approach has been implemented
by Pegram et al. (2011). The probabilistic urban drainage system
developed in this paper comprises a generator of probabilistic
ensemble RR ﬁelds to represent the uncertainties in RR measure-
ments and a rainfall-runoff and hydraulic model of the sewer net-
work of an urban catchment. The objectives of this paper are to
quantify the errors in RR measurements; to assess the beneﬁt of
using the ensemble RR ﬁelds to simulate sewer ﬂows in an urban
area; and to understand how the RR uncertainty propagates in
the sewer ﬂow simulations.
This paper is organised as follows. Section 2 presents the
methodology and data sets used in this study. Section 3 describes
the spatial and temporal correlations of the radar residual errors
for the study area whereas Section 4 describes the spatial and tem-
poral correlations of the perturbations. Section 5 presents the
results of applying the RR ensembles to an urban catchment in
the north of England. Section 6 summarises the conclusions of this
work.2. Methodology and data
Germann et al. (2009) proposed a model to generate the ensem-
ble RR ﬁelds by modelling the radar residual errors. The residual
errors are those errors in radar rainfall estimations that remain
in the measurements even though different corrections were
applied to the data to remove the well-known sources of errors
in radar rainfall (e.g. ground clutter, attenuation, variation of the
vertical reﬂectivity proﬁle, bright band, etc.). The residuals errors
() are calculated using radar (R) and raingauge (G) time series at
speciﬁc locations. The perturbation ﬁelds (d) can be generated by
computing the covariance matrix (C) of the residual errors, but
excluding values with zero rainfall. The covariance matrix can be
decomposed into lower and upper triangular matrices using the
Choleskly decomposition, that is, C ¼ LLT . The matrix L can be mul-
tiplied with a random vector ywith zero mean and unit variance to
generate the perturbations d. The temporal correlation of the per-
turbations can be imposed by using a second order autoregressive
model AR(2). The perturbations are added rather than multiplied
to the deterministic RR ﬁeld because the analysis is carried out
in the log domain. Note that in this model the perturbations are
computed at the raingauge locations and the two-dimensional per-
turbation ﬁeld can be obtained by interpolation.
The radar rainfall measurements come from the radar mosaic
product from the UK Met Ofﬁce (UKMO). This data set is provided
through the British Atmospheric Data Centre (badc.nerc.ac.uk)
with spatial and temporal resolutions of 1 km and 5 min respec-
tively. The UK RR product is a composite of 18 C-band weather
radars. However, there are only 3 radars available within the study
region (see Fig. 1) which are Hameldon Hill radar in the west of
that region, Ingham radar in the south east of that region, and
High Moorsley radar in north of that region. Note that High
Moorsley radar was installed in 2008. The RR product was
quality-controlled by the UKMO using different correction algo-
rithms (Harrison et al., 2000, 2009). The processing of radar data
comprises identiﬁcation of clutter and beam blockage, noise ﬁlter-
ing, removal of spurious echoes often due to anomalous propaga-
tion of the radar beam, attenuation correction, conversion of
radar reﬂectivity to precipitation rate, antenna pointing, correc-
tions for variations in the vertical reﬂectivity proﬁle, mean ﬁeld
bias adjustment, spatial averaging and conversion from polar to
Cartesian coordinates. In addition, 229 tipping bucket raingauges
(TBRs) provided by the Environment Agency with a 15-min tempo-
ral resolution were used in this analysis. Both, radar and raingauge
data were accumulated to produce time series with a temporal
Fig. 1. Study area with the locations of radar (squares), raingauges (circles) and the urban area (at the centre of the ﬁgure).
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2007 and 2010. Fig. 1 shows the study area with the locations of
the urban area, radars and raingauges.
The quality control of raingauge data is crucial in this analysis
and it is important to highlight that raingauge measurements are
also prone to error. Some of the typical errors in raingauge mea-
surements are related to gauge malfunctioning, blockages, wetting
and evaporation, delayed in rain delivery, underestimation during
high rain rates, condensation errors, wind effects, timing errors
(Upton and Rahimi, 2003), as well as sampling and random errors
(Habib et al., 2001; Ciach, 2003). Therefore, it is necessary to iden-
tify any signiﬁcant errors in raingauge measurements if they are
used as ground true measurements. Therefore, the raingauge data
quality was assessed by a nearest neighbour comparison and those
gauges showing signiﬁcant deviation compared to the surrounding
gauges were removed from the analysis (around 10% of the
gauges). Additional errors in the comparisons between radar and
raingauge measurements arise because raingauges provide point
measurements, whereas RR measurements represent a larger vol-
ume in space. This results in representativeness errors (also known
as sampling errors) because of the differences between the two
very different sampling volumes (Kitchen and Blackall, 1992). In
fact, part of the differences between radar and raingauges mea-
surements could be explained by the sampling errors (Bringi
et al., 2011). Ciach and Krajewski (1999) proposed a method to
estimate the variance reduction factor (VRF), that is, the variance
between radar and raingauge measurements (point-to-area vari-
ance) with respect to the variance of the raingauge measurements
(point variance) (see Eq. (13) in Ciach and Krajewski, 1999). If the
point-to-area variance is small compared to the point variance,
then the VRF tends to zero. Following the VRF methodology and
using the spatial correlation obtained with a dense raingauge net-
work inside a radar pixel (see Fig. 8a in Bringi et al., 2011), it can be
estimated that the VRFs for a raingauge located at the centre and at
the corner of a 1 km2 radar pixel are around 4% and 9% respectively(assuming 60-min rain accumulations). These errors are relatively
small compared to other sources of error in RR and therefore not
taken into account in this study.
The rainfall-runoff processes on the urban area and the ﬂow
through the sewer network conduits were modelled in Infoworks
CS. The model was provided by Yorkshire water for research pur-
poses. The urban model includes the main pipes of the sewer sys-
tem as well as gullies and manholes. The urban area is located in
the Pennine hills with an area of 11.06 km2. Most of the sewer sys-
tem is combined, carrying both rainfall runoff and domestic waste
water. The urban model consists of a distributed rainfall runoff
model in combination with a hydrodynamic pipe network model,
built and simulated using the Infoworks CS software package. For
a more detailed description of the urban model please refer to
Liguori et al. (2012), Schellart et al. (2012), Schellart et al. (2014).
The urban model was previously calibrated following current UK
industrial practice (WaPUG, 2002) and therefore we can use this
model as a surrogate of the urban catchment in order to study
the propagation of RR uncertainty at speciﬁc locations within the
sewer network. The instrumentation in the urban catchment
includes 15 ﬂow monitors, 7 depth monitors and 4 additional rain-
gauges (see Figs. 1 and 2 in Liguori et al., 2012). These additional
raingauges within the urban area were only used to simulate the
ﬂows in the drainage system.
Table 1 shows a summary of the validation events to test the RR
ensembles. The rainfall depths were computed by averaging the
rainfall from the gauges within the urban area for the duration of
the event. Note that events 7 and 13 were larger than the rainfall
events originally used for calibration of the Infoworks CS model
(three events from an earlier monitoring campaign were used for
model calibration, with rainfall depths ranging between 9.8 and
35 mm). Also, most of the events shown in Table 1 can comprise
several storms and this is why some of them have a long duration.
We tried to include a sufﬁcient number of events to cover summer
and winter storms. In fact, the events were classiﬁed as either
Table 1
Selected events to assess the radar rainfall ensembles. The acronyms are ‘S’ (Stratiform), ‘C’ (Convective), CSO (Combined Sewer Overﬂow), ‘Y’ (Yes) and ‘N’ (No).
Event Date Rainfall (mm) Duration (h) Storm type Peak ﬂow (l/s) Flow volume (1000 m3) CSO spill
1 20080501 0100 10.2 8 S 558 9.8 Y
2 20080602 2200 18.1 20 S 562 8.6 Y
3 20080626 1200 13.3 10 C 289 4.3 Y
4 20080701 1900 6.1 7 C 294 3.8 Y
5 20080705 0700 25.5 37 C 511 10.8 Y
6 20080707 0900 10.4 8 C 511 7.0 Y
7 20080709 1500 37.1 62 C 482 22.4 Y
8 20080729 0400 11.0 4 C 588 4.9 Y
9 20080812 0600 19.2 22 C 425 9.7 Y
10 20080820 1600 9.5 7 C 590 7.9 Y
11 20080901 1800 13.1 29 C 817 8.1 Y
12 20080903 0000 10.9 38 C 268 10.0 N
13 20080905 0500 57.3 36 C 758 42.1 Y
14 20081004 1200 18.8 16 S 359 10.6 Y
15 20081014 0500 12.1 15 S 279 5.8 Y
16 20081108 0000 30.9 48 S 578 19.1 Y
17 20081202 0000 12.7 31 S 203 9.5 N
18 20081204 0000 20.3 25 S 187 16.0 N
19 20081212 1200 28.5 32 S 460 22.9 Y
20 20081219 1200 10.7 10 S 339 6.2 Y
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Steiner et al. (1995) and using RR data. A simpliﬁed version of
Steiner et al. (1995)’s algorithm was adopted here according to
the size and duration of convective pixels for each storm event. A
precipitation event can be classiﬁed as convective if the event
has a number of convective pixels that cover an area equal or above
3% of the whole precipitation area during 3 h or more within the
region shown in Fig. 1. Otherwise the event is classiﬁed as strati-
form. The results indicate that most of the summer events were
classiﬁed as convective whereas the winter events were classiﬁed
as stratiform (see Table 1).
A 10-min moving average digital ﬁlter was applied to the ﬂow
data to smooth the high-frequency ﬂuctuations of the ﬂow mea-
surements in the sewer system. The ﬁltering was necessary
because the ﬂow measurements were too noisy (see Fig. 2).
Although the ﬁltering will reduce slightly the ﬂow peaks, it would
not cause any signiﬁcant effect with the comparisons of the ﬂow
volumes. The ﬂow volumes were computed by integrating the ﬂow
from a ﬂow monitor located just upstream of a main CSO
(Combined Sewer Overﬂow) structure which serves the town cen-
tre (see Figs. 1 and 2 in Liguori et al., 2012). Note that in all the
events (except events 12, 17 and 18), the main CSO is expected
to have spilled to a smaller or larger extent, as the recorded water
level in the CSO chamber was higher than the CSO spill weir level
(see last column in Table 1). In fact, the event selection criteria
were that good measured ﬂow data were available for a particular
event and that the main CSO had spilled.Fig. 2. Measured and3. Spatial and temporal correlations of the rainfall data and
residual errors
The spatial correlation of radar and raingauge measurements at
the 15 min and 60-min time scales are shown in Figs. 3 and 4
respectively. The correlation was calculated using the Pearson cor-
relation coefﬁcient and assuming that the spatial correlation is iso-
tropic. A spatial correlation function was ﬁtted to the data using a
two-parameter exponential model (Habib and Krajewski, 2002)
given by qðdÞ ¼ exp½ðd=R0ÞF , where d represents the separation
distance, R0 is the correlation radius, and F is the shape parameter.
The results show that there is a good agreement among the spatial
correlations computed individually from radar and gauge mea-
surements. At the 15-min time scale, the correlation radius is
38 km for the radar data and 25 km for the gauge data, whereas
at the 60-min time scale, the correlation radius increases to
61 km for the radar data and 52 km for the gauge measurements.
The spatial correlation results are consistent with those shown
by Villarini et al. (2008), who showed that the spatial correlation
of rainfall measurements increases with larger accumulation
times. Our results also indicate that the radar measurements are
slightly more correlated in space than the gauge measurements.
This is in part due to the point-to-area difference between rain-
gauge and radar measurements. According to Cheng and
Agterberg (1996), the spatial correlation function is a function of
the spatial resolution. Since radar (areal measurement) and rain-
gauge (point measurement) data represent rainfall measurementsﬁltered ﬂow data.
Fig. 3. Spatial correlation from radar and rain gauge measurements at the 15-min time scale.
Fig. 4. Spatial correlation from radar and rain gauge measurements at the 60-min time scale.
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consequently different.
The residuals errors () were computed by  ¼ 10 logðG=RÞ,
where R and G represent the radar and gauge rainfall time series
respectively for a given location and using 60-min accumulations.
The error model was built with hourly data in order to compute a
more robust spatial correlation (and therefore a more robust
covariance matrix), to smooth any potential timing errors between
radar and gauge measurements and to minimise the errors intro-
duced by the fact that the gauges are point measurements inte-
grated in time whereas radar provides areal instantaneous
rainfall measurements. However, even though the covariance
was computed with hourly data, the ensembles were generated
every 5-min, making them more suitable for urban applications,
by taking advantage of the temporal correlation of the errors as
shown at the end of this section. The mean error between radar
and raingauges was computed using the expected value of the
residual error, that is Efg. The results are shown in Fig. 5 for the
years 2007–2010. Note that the errors were computed at the rain-
gauge locations and they were interpolated using the bi-harmonic
spline interpolation described in Sandwell (1987) for display pur-
poses. Positive errors indicate underestimation by the radar when
compared to raingauges, whereas negative errors indicate radar
overestimation. A mean error of +/3 dB is equivalent to radar u
nderestimation/overestimation respectively of a factor of 2. In gen-
eral terms, the radar tends to overestimate the rain rates with the
exception of the north east region, which shows radar underesti-
mation in 2007/2008, and the north west region, which also shows
radar underestimation but in 2008–2010. The mean errors com-
puted in 2007 and 2008 show some similarities in the patterns.
There are also similarities with the errors computed in 2009 and
2010. However, there are some differences between the errorscomputed in 2007/2008 and 2009/2010 especially for the north
of the domain. This is due to the fact that a new radar (High
Moorsley) was installed in 2008 in the north part of the study
region and its data was included in the UK rainfall mosaic later that
year (UKMO, personal communication). This highlights the fact
that the mean RR errors can change if a new radar is incorporated
into the radar network.
The spatial correlation of the residual errors is shown in Fig. 6
(left) for the year 2007. A spatial correlation function was ﬁtted
in a similar way as before resulting with a correlation radius R0
of 24 km and the shape parameter F of 0.58. Similar results were
obtained for the years 2008 and 2010 (ﬁgures not shown) with cor-
relation radius in the range 23.1–24 km and shape parameters in
the range 0.58–0.63. The year 2009 (ﬁgure not shown) was the
only year that showed slightly lower spatial correlation (R0 ¼ 19
and F ¼ 0:51).
The right side of Fig. 6 shows the mean temporal correlation of
the errors for the year 2007. The mean correlations at 1 h, 2 h and
3 h are 0.18, 0.12 and 0.07 respectively. The years 2008–2010 also
showed a similar pattern, with correlations in the range 0.16–0.20
at 1 h, 0.10–0.14 at 2 h and 0.06–0.09 at 3 h. The temporal correla-
tion shown in Fig. 6 is slightly lower than that reported by
Germann et al. (2009) in the Alps.
In the UK, most of the convective rainfall events occur during
the summer or at the end of the spring, whereas most of the
stratiform or frontal rainfall events occur during the autumn and
winter. The different characteristics of these events may produce
slightly different error characteristics. This is shown in Fig. 7,
where the spatial and temporal correlation of the error was
computed for spring/summer and autumn/winter separately. The
results show that on average the spatial correlation of the error
is slightly larger during the winter/autumn (R0 ¼ 24 km and
Fig. 5. Mean errors in dBs between radar and raingauges. The circles represent the radar locations.
Fig. 6. Spatial and temporal correlations of the residual errors at the 60-min time scale.
Fig. 7. Spatial and temporal correlations of the residual errors at the 60-min time scale by seasons.
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F ¼ 0:56). Similar ﬁndings are observed for the temporal correla-
tion of the error (see Fig. 7 right).
The RR errors for the year 2007 will be used to calibrate the
ensemble generator, whereas the year 2008 will be used for the
validation using rainfall and ﬂows from the urban catchment.Fig. 9. Covariances of the perturbations and the residual errors.4. Spatial and temporal correlations of the perturbations
As shown in the previous section, the residual errors are corre-
lated in space and time (see Fig. 6). Therefore, the RR ensemble
model should be able to capture not only the covariance of the
residual errors, but also their spatial and temporal correlations.
To demonstrate this, the RR ensemble model was calibrated with
the year 2007 and the spatial and temporal correlations of the gen-
erated perturbations (d) are shown in Fig. 8. As shown, the spatial
correlation of the perturbations is in close agreement with the spa-
tial correlation of the measured errors and shown in the same ﬁg-
ure with the solid line (i.e. qðdÞ ¼ exp½ðd=24Þ0:58, see also Fig. 6).
On the other hand, the temporal correlations of the perturbations
at 1 h and 2 h respectively are also in close agreement with the
temporal correlation of the measured errors, which are 0.18 and
0.12 for 1 h and 2 h respectively. Beyond 2 h, the temporal correla-
tion of the perturbations decreases more rapidly than the mea-
sured one shown in Fig. 6 because a second order autoregressive
model was used to impose the temporal correlation of the pertur-
bations and only the correlations at 1 h and 2 h were considered.
Note that a smaller number of raingauges was used to compute
the covariance matrix to generate the perturbations. This was done
to ensure that the covariance matrix C can be decomposed into
lower and upper triangular matrices (C ¼ LLT ) using the
Choleskly decomposition. Initial tests were carried out to decom-
pose the covariance matrix using all valid gauges (around 200)
without any success and for this reason a smaller number of
gauges was used (44 gauges). However, as shown in Fig. 8, the per-
turbations are still able to capture the spatial and temporal corre-
lations of the measured errors.
By comparing the covariance of the residuals errors and the
covariance of the perturbations we can assess if the ensemble gen-
erator is able to reproduce the covariance of the RR errors. This is
shown in Fig. 9 using one month worth of hourly perturbations
and 25 ensemble members. The results clearly indicate that the
perturbations are also able to reproduce the covariance of the
residual errors.
Finally, the question is how many ensembles are able to repre-
sent the uncertainties in RR estimates. The number of ensembles
members depends on how close the expected values of the pertur-
bations are compared to the mean residual errors shown in Fig. 5.Fig. 8. Spatial and temporal correSome simulations are shown in Fig. 10 for different numbers of
ensemble members. As shown, if the number of ensembles is too
small, the expected value of the perturbations is far from the mean
of the residual errors. On the other hand, a large value of ensembles
(e.g. 1000) seems to reproduce well the mean of the residual errors,
but may be unrealistic for use in real-time urban drainage ﬂow
modelling given the fact that the hydraulic models take some time
to perform a single simulation. Therefore, a number of ensembles
between 25 and 100 could be a good compromise between having
sufﬁcient ensembles to represent the uncertainties in RR estimates
and being able to use them in real-time ﬂood forecasting in urban
areas. Therefore 100 ensembles were generated per event.5. Application of the rainfall ensembles in urban ﬂowmodelling
The covariance of the RR ensembles was calibrated with radar
and raingauge data from the year 2007 as discussed in previous sec-
tions. However, the perturbations produced in this way are valid at
the raingauge locations. Therefore, they need to be interpolated to
produce a distributed perturbation ﬁeld d that can be added to
the original RR ﬁeld R. We used the bi-harmonic spline interpola-
tion described in Sandwell (1987) (also known as V4 interpolation
in Matlab) because this method produces smooth perturbation
ﬁelds whereas other techniques such as linear or nearest neighbour
interpolation may show discontinuities. The perturbations were
added in the log domain to the original RR ﬁeld to produce the
ensemble rainfall ﬁelds U, that is, 10logðUÞ ¼ 10 logðRÞ þ d (see
Germann et al., 2009).
The rainfall events to validate the RR ensemble generator were
selected from the year 2008 (see summary of events in Table 1).
Ensemble RR ﬁelds were generated for all these events to provide
the input to the rainfall-runoff and hydrodynamic model of thelations of the perturbations.
Fig. 10. Means of the perturbations and the residual errors as a function of ensemble number.
Fig. 11. Example of RR ensembles. The original RR ﬁeld is shown on the top left.
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bers was ﬁxed to 100 per event with spatial and temporal resolu-
tions of 1 km and 5 min respectively which are suitable for
applications in urban areas. An example of the original RR ﬁeld
and ﬁve ensemble members is shown in Fig. 11.Note that to simulate every event shown in Table 1, we run the
urban sewer model for at least 4 months previous to the event to
obtain a better representation of the initial state of the catchment.
In this way, the Infoworks model can calculate the antecedent pre-
cipitation index (API), which is an input to the runoff model for the
M.A. Rico-Ramirez et al. / Journal of Hydrology 528 (2015) 17–28 25impermeable areas included in the model. For all the warm-up
model runs, we used the measured rainfall from the gauges avail-
able within the urban area.
Fig. 12 shows the results for some of the events described in
Table 1. The ﬁgure shows the measured and simulated ﬂows using
raingauges, radar and radar ensembles. For event 2, the simulated
ﬂows with radar and raingauges are very similar, but both under-
estimate the main ﬂow peak. However, some of the RR ensembles
are able to capture this large peak. For event 10, there are two large
peaks at around 2200 h. The simulated ﬂows with the raingauges
seem to better capture the ﬁrst peak whereas the simulated ﬂow
with the radar seems to better capture the second peak. The radar
ensembles however are able to capture both ﬂow peaks. For event
15, there is a relatively small peak at around 1700 h. The rain-
gauges are able to simulate this ﬂow peak better than the radar,
but the radar ensembles are able to capture well the measured
ﬂow. Some extreme ensembles however are able to produce larger
peaks than expected.Fig. 12. Flow simulations for events 2, 10 and 15 from top to bottom respectively. The lig
dark grey area represents their 15% and 85% percentiles; Qm is the measured ﬂow; QG is thFig. 13 shows the results for events 13 and 19. For event 13, the
simulated ﬂows with raingauges, radar and radar ensembles
underestimate the measured ﬂow for the whole event. Event 13
has a much larger rainfall depth (57.3 mm) than the events used
for model calibration (between 9.8 and 35 mm), and therefore
the Infoworks model is unable to simulate the larger ﬂow peaks
observed in this event. In this case, it is likely that additional ﬂows
coming from the surrounding permeable areas increase the total
measured ﬂow. This is a well-known problem with urban drainage
models, because ﬂows from surrounding permeable areas are not
included in the urban drainage model (e.g. Bailey and Margetts,
2008). For event 19, the simulated ﬂows with radar or raingauges
underestimate all three ﬂow peaks although the raingauges are
doing a slightly better job than the radar rainfall in simulating
the ﬁrst and second ﬂow peaks. The radar ensembles are also
unable to capture the second ﬂow peak and also fail to capture
the recession curve of the third ﬂow peak. These two events indi-
cate that the there are additional sources of uncertainty thatht grey area represents the simulated ﬂow with all RR ensembles (QE), whereas the
e simulated ﬂow using raingauge measurements; QR is the simulated ﬂow using RR.
Fig. 13. Flow simulations for events 13 and 19 from top to bottom respectively. The light grey area represents the simulated ﬂow with all RR ensembles (QE), whereas the
dark grey area represents their 15% and 85% percentiles; Qm is the measured ﬂow; QG is the simulated ﬂow using raingauge measurements; QR is the simulated ﬂow using RR.
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alone. For instance, uncertainties due to the urban model calibra-
tion, uncertainties due to the urbanmodel structure and uncertain-
ties in the ﬂow measurements. There are considerable
uncertainties associated with the way Infoworks CS simulates rain-
fall runoff from permeable areas, (e.g. Schellart et al., 2010); or
delayed impermeable area response, (e.g. Terry and Margetts,
2003). The modelling of these additional sources of uncertainty is
outside the scope of this paper, but this shows the potential use
of the method introduced in this paper to assist in the analysis of
uncertainty in urban drainage models, as it can help enabling to
distinguish uncertainty in ﬂow simulations caused by the radar
rainfall input uncertainty.
To summarise the results from all the events shown in Table 1,
we computed the total ﬂow volume per event. The results are
shown in Fig. 14. The ﬁgure shows the measured ﬂow volume as
well as the simulated ﬂow volume by raingauges, radar and radar
ensembles. The box plots summarise the results from the radar
ensembles, with the ensemble median as the central mark, the
25th and 75th percentiles shown by the edges of the box and the
whiskers representing the most extreme ensemble members. The
results indicate that the simulated ﬂow volume with the rain-
gauges (or radar) measurements not necessarily agree with the
measured ﬂow volume except for event 18 where the simulated
ﬂow volume with raingauges matched the measured ﬂow volume.
This highlights the fact that uncertainties in the input rainfall mea-
surements produce uncertainties in the simulated sewer ﬂows and
therefore, the sewer ﬂow simulations should be represented in a
probabilistic rather than a deterministic way in order to highlight
the uncertainty due to the input rainfall measurement. The radar
ensembles on the other hand are able to capture the total ﬂow vol-
ume for 11 out of 20 events (i.e. 55%, events 1, 2, 7, 8, 9, 10, 11, 14,
16, 17, 20). This result indicates that in 55% of the simulated
events, the uncertainties in the RR measurements can explain theuncertainties in the simulated ﬂow volumes. For the remaining 9
events, in 6 of them the ﬂow volumes from the ensembles overes-
timate the measured ﬂow volume (events 3, 4, 5, 6, 12, 15),
whereas in the other 3 events the ensemble ﬂow volumes underes-
timate the measured ﬂow volume (events 13,18 and 19). There
were also ﬁve events (events 3, 4, 6, 15 and 19) where the mea-
sured ﬂow volume is very close to the simulated ﬂow volume from
the most extreme ensemble members. There are cases such as
event 13, where neither the raingauges nor the radar ensembles
were able to capture the measured ﬂow volume (around
42,000 m3 for event 13 from Table 1). The results also indicate that
in 60% of the events (events 1, 2, 5, 6, 8, 10, 11, 12, 15, 16, 17, 19),
the ﬂow volume simulated with radar is very close (within 6%) to
the ﬂow volume simulated with raingauges.6. Summary and conclusions
The residual errors from RR measurements were modelled fol-
lowing the approach proposed by Germann et al. (2009). The RR
error model takes into account the error covariance matrix com-
puted with radar rainfall and raingauge measurements for the year
2007 for the study area shown in Fig. 1 in the UK. The important
assumption made when calibrating the error model was that rain-
gauge measurements represent the true areal rainfall, even though
they are point measurements, whereas RR estimations represent a
larger volume in space (1 km2 in this analysis). The spatial correla-
tion of the residual errors was reproduced with the covariance
matrix, whereas the temporal correlation of the residual errors
was imposed by using a second order autoregressive model. The
RR error model generates the perturbations that can be added (in
the log domain) to the RR measurements in order to generate an
ensemble of RR estimations able to represent the uncertainty in
the rainfall measured by radar. The results showed that the
Fig. 14. Summary of measured and simulated ﬂow volumes per event. The box plots represent the simulations using the RR ensembles. On each box plot, the median is the
central mark, the 25th and 75th percentiles are shown by the edges of the box, and the whiskers extend to the most extreme ensemble members.
M.A. Rico-Ramirez et al. / Journal of Hydrology 528 (2015) 17–28 27perturbations are able to capture the spatial and temporal correla-
tions of the residual errors (see Fig. 8). Also the covariance of the
perturbations is able to reproduce the covariance of the residual
errors (see Fig. 9). The number of ensemble members able to repro-
duce the RR errors was found to be between 25 and 100. A larger
number of ensembles may be inadequate for real-time urban drai-
nage ﬂow modelling applications. Therefore, 100 ensemble mem-
bers were used in this analysis. A large number of rainfall events
from the year 2008 (20 events – see Table 1) was used to simulate
the propagation of RR errors into ﬂow peaks and ﬂow volumes in
the drainage system of a 11 km2 urban area. The results showed
that in many cases the ﬂow peaks are bounded by the uncertainty
area produced by the RR ensembles (see Fig. 12). However, there
are also cases where the ensembles were unable to capture the
ﬂow peaks. At urban scales, the non-linearity of rainfall can be
magniﬁed and therefore the 2nd order (statistical moment)
approximation might be insufﬁcient. A high-order model may be
necessary to well capture small-scale rainfall dynamics
(Schertzer et al., 2013; Wu et al., 2015). 55% of the simulated
events showed that the uncertainties in the RR measurements
are able to explain the uncertainties in the simulated ﬂow volumes
(see Fig. 14). There are also some events where the uncertainties in
the RR measurement cannot explain all the uncertainties observed
in the simulated ﬂow volumes. This highlights the fact that there
are additional sources of uncertainty that must be considered such
as the uncertainty in the urban drainage model structure, the
uncertainty in the urban drainage model calibrated parameters,
and the uncertainty in the measured sewer ﬂows. Nevertheless,
the proposed methodology enables to distinguish the uncertainty
in the ﬂow simulations caused by the uncertainty in the radar rain-
fall measurements.
Acknowledgements
The authors acknowledge the support of the Engineering and
Physical Sciences Research Council (EPSRC) via Grant EP/I012222/
1. The authors thank the UK Met Ofﬁce, the Environment Agency(Contains Environment Agency Information  Environment
Agency and database right; http://environment-agency.gov.
uk/contactus/default.aspx), Bradford City Council and the British
Atmospheric Data Centre (http://badc.nerc.ac.uk/) for providing
the data sets. We also thank Yorkshire Water Services Ltd for pro-
viding the sewer ﬂow data and the Infoworks CS model of the
sewer system for the urban area. The data we obtained from them
is restricted and was obtained by signing a conﬁdentiality agree-
ment. We also thank the anonymous reviewers for providing
insightful comments that helped to improve the manuscript. This
work was carried out using the computational facilities of the
Advanced Computing Research Centre, University of Bristol –
http://www.bris.ac.uk/acrc/
References
Austin, G., Austin, L., 1974. The use of radar in urban hydrology. J. Hydrol. 22 (1–2),
131–142.
Bailey, A., Margetts, J., 2008. 2d runoff modelling – a pipe dream or the future? In:
WaPUG Autumn Conference. Blackpool, UK, <http://www.ciwem.
org/knowledge-networks/groups/urban-drainage.aspx>.
Berne, A., Delrieu, G., Creutin, J.-D., Obled, C., 2004. Temporal and spatial resolution
of rainfall measurements required for urban hydrology. J. Hydrol. 299 (3–4),
166–179.
Borga, M., 2002. Accuracy of radar rainfall estimates for streamﬂow simulation. J.
Hydrol. 267, 26–39.
Bringi, V.N., Rico-Ramirez, M.A., Thurai, M., 2011. Rainfall estimation with an
operational polarimetric C-band radar in the UK: comparison with a gauge
network and error analysis. J. Hydrometeorol. 12, 935–954.
Browning, K.A., 1978. Meteorological applications of radar. Rep. Prog. Phys. 41, 761–
800.
Cheng, Q., Agterberg, F.P., 1996. Multifractal modeling and spatial statistics. Math.
Geol. 28, 1–16.
Ciach, G., 2003. Local random errors in tipping-bucket rain gauge measurements. J.
Atmos. Ocean. Technol. 20, 752–759.
Ciach, G.J., Krajewski, W.F., 1999. On the estimation of radar rainfall error variance.
Adv. Water Resour. 22 (6), 585–595.
Ciach, G.J., Krajewski, W.F., Villarini, G., 2007. Product-error-driven uncertainty
model for probabilistic quantitative precipitation estimation with NEXRAD
data. J. Hydrometeorol. 8, 1325–1347.
Cloke, H.-L., Pappenberger, F., 2009. Ensemble ﬂood forecasting: a review. J. Hydrol.
375 (3–4), 613–626.
28 M.A. Rico-Ramirez et al. / Journal of Hydrology 528 (2015) 17–28Collier, C., 2009. On the propagation of uncertainty in weather radar estimates of
rainfall through hydrological models. Meteorol. Appl. 16, 35–40.
Dai, Q., Han, D., Rico-Ramirez, M.A., Srivastava, P.K., 2014a. Multivariate distributed
ensemble generator: a new scheme for ensemble radar precipitation estimation
over temperate maritime climate. J. Hydrol. 511, 17–27.
Dai, Q., Rico-Ramirez, M.A., Han, D., Islam, T., Liguori, S., 2014b. Probabilistic radar
rainfall nowcasts using empirical and theoretical uncertainty models. Hydrol.
Process. 29, 66–79.
Einfalt, T., Arnbjerg-Nielsen, K., Golz, C., Jensen, N.-E., Quirmbach, M., Vaes, G.,
Vieux, B., 2004. Towards a roadmap for use of radar rainfall data in urban
drainage. J. Hydrol. 299 (3–4), 186–202.
Faures, J.-M., Goodrich, D., Woolhiser, D.A., Sorooshian, S., 1995. Impact of small-
scale spatial rainfall variability on runoff modeling. J. Hydrol. 173, 309–326.
Fulton, R.A., Breidenbach, J.P., Seo, D.-J., Miller, D.A., OBannon, T., 1998. The WSR-
88D rainfall algorithm. Weather Forecast. 13, 377–395.
Germann, U., Berenguer, M., Sempere-Torres, D., Zappa, M., 2009. REAL–Ensemble
radar precipitation estimation for hydrology in a mountainous region. Quart. J.
Roy. Meteorol. Soc. 135 (639), 445–456.
Gires, A., Onof, C., Maksimovic, C., Schertzer, D., Tchiguirinskaia, I., Simoes, N., 2012.
Quantifying the impact of small scale unmeasured rainfall variability on urban
runoff through multifractal downscaling: a case study. J. Hydrol. 442–443, 117–
128.
Goormans, T., Willems, P., 2013. Using local weather radar data for sewer system
modeling: case study in ﬂanders, belgium. J. Hydrol. Eng. 18, 269–278.
Habib, E., Krajewski, W., Kruger, A., 2001. Sampling errors of tipping-bucket rain
gauge measurements. J. Hydrol. Eng. 6, 159–166.
Habib, E., Krajewski, W.F., 2002. Uncertainty analysis of the TRMM ground-
validation radar-rainfall products: application to the TEFLUN-B ﬁeld campaign.
J. Appl. Meteorol. 41, 558–572.
Han, D., Cluckie, I., Grifﬁth, R., Austin, G., 2000. Using weather radars to measure
rainfall in urban catchments. J. Urban Technol. 7 (1), 85–102.
Harrison, D., Scovell, R., Kitchen, M., 2009. High-resolution precipitation estimates
for hydrological uses. Proc. Inst. Civ. Eng. 162, 125–135.
Harrison, D.L., Driscoll, S.J., Kitchen, M., 2000. Improving precipitation estimates
from weather radar using quality control and correction techniques. Meteorol.
Appl. 7, 135–144.
Kitchen, M., Blackall, R.M., 1992. Representativeness errors in comparisons between
radar and gauge measurements of rainfall. J. Hydrol. 134, 13–33.
Krajewski, W., Smith, J., 2002. Radar hydrology: rainfall estimation. Adv. Water
Resour. 25, 1387–1394.
Krajewski, W., Villarini, G., Smith, J., 2010. Radar-rainfall uncertainties where are we
after thirty years of effort? Bull. Am. Meteorol. Soc. 91, 87–94.
Krajewski, W.F., Ciach, G.J., 2003. Towards probabilistic quantitative precipitation
WSR-88D algorithms: preliminary studies and problem formulation. Tech. rep.,
IIHR-Hydroscience and Engineering, University of Iowa.
Kramer, S., Verworn, H., 2009. Improved radar data processing algorithms for
quantitative rainfall estimation in real time. Water Sci. Technol. 60, 175–184.
Liechti, K., Zappa, M., Fundel, F., Germann, U., 2013. Probabilistic evaluation of
ensemble discharge nowcasts in two nested alpine basins prone to ﬂash ﬂoods.
Hydrol. Process. 27 (1), 5–17.
Liguori, S., Rico-Ramirez, M., Schellart, A., Saul, A., 2012. Using probabilistic radar
rainfall nowcasts and NWP forecasts for ﬂow prediction in urban catchments.
Atmos. Res. 103, 80–95.
Liguori, S., Rico-Ramirez, M.A., 2012. Using the radar rainfall error for probabilistic
forecasting. In: The Seventh European Conference on Radar in Meteorology and
Hydrology.
Pegram, G., Llort, X., Sempere-Torres, D., 2011. Radar rainfall: separating signal and
noise ﬁelds to generate meaningful ensembles. Atmos. Res. 100, 226–236.
Quintero, F., Sempere-Torres, D., Berenguer, M., Baltas, E., 2012. A scenario-
incorporating analysis of the propagation of uncertainty to ﬂash ﬂood
simulations. J. Hydrol. 460, 90–102.
Rico-Ramirez, M.A., Liguori, S., 2014. Propagation of radar rainfall uncertainty
through urban hydraulic models. In: The Eighth European Conference on Radar
in Meteorology and Hydrology.
Rossa, A., Liechti, K., Zappa, M., Bruen, M., Germann, U., Haase, G., Keil, C., Kraheh, P.,
2011. The COST 731 Action: a review on uncertainty propagation in advanced
hydro-meteorological forecast systems. Atmos. Res. 100, 150–167.Sandwell, D., 1987. Biharmonic spline lnterpolation of GEOS-3 and SEASAT
altimeter data. Geophys. Res. Lett. 14, 139–142.
Schellart, A., Liguori, S., Kramer, S., Saul, A., Rico-Ramirez, M.A., 2014. Comparing
quantitative precipitation forecast methods for prediction of sewer ﬂows in a
small urban area. Hydrol. Sci. J. 59 (7), 1418–1436.
Schellart, A., Shepherd, W., Saul, A., 2012. Inﬂuence of rainfall estimation error and
spatial variability on sewer ﬂow prediction at a small urban scale. Adv. Water
Resour. 45, 65–75.
Schellart, A., Tait, S., Ashley, R., 2010. Towards quantiﬁcation of uncertainty in
predicting water quality failures integrated catchment model studies. Water
Res. 44, 3893–3904.
Schertzer, D., Tchiguirinskaia, I., Lovejoy, S., 2013. Multifractality: at least three
moments! Hydrol. Earth Syst. Sci. Discuss. 10, C3103–C3109.
Schilling, W., 1991. Rainfall data for urban hydrology: what do we need? Atmos.
Res. 27, 5–21.
Schröter, K., Llort, X., Velasco-Forero, C., Ostrowski, M., Sempere-Torres, D., 2011.
Implications of radar rainfall estimates using uncertainty on distributed
hydrological model predictions. Atmos. Res. 100, 237–245.
Smith, J.A., Baeck, M.L., Meierdiercks, K.L., Miller, A.J., Krajewski, W.F., 2007. Radar
rainfall estimation for ﬂash ﬂood forecasting in small urban watersheds. Adv.
Water Resour. 30, 2087–2097.
Steiner, M., Houze Jr, R., Yuter, S., 1995. Climatological characterization of three-
dimensional storm structure from operational radar and rain gauge data. J.
Appl. Meteorol. 34, 1978–2007.
Terry, D., Margetts, J., 2003. Derby case study: runoff modelling issues. In: WaPUG
Autumn Conference.
Tilford, K.A., Fox, N.I., Collier, C.G., 2002. Application of weather radar data for urban
hydrology. Meteorol. Appl. 9 (1), 95–104.
Upton, G., Rahimi, A., 2003. On-line detection of errors in tipping-bucket
raingauges. J. Hydrol. 278, 197–212.
Verworn, H.-R., 2002. Advances in urban–drainage management and ﬂood
protection. Philos. Trans. Roy. Soc. Lond. Ser. A: Math. Phys. Eng. Sci. 360
(1796), 1451–1460.
Villarini, G., Krajewski, W., 2010. Review of the different sources of uncertainty in
single polarization radar-based estimates of rainfall. Surv. Geophys. 31, 107–
129.
Villarini, G., Krajewski, W.F., 2009. Empirically based modelling of radar-rainfall
uncertainties for a c-band radar at different time-scales. Quart. J. Roy. Meteorol.
Soc. 135 (643), 1424–1438.
Villarini, G., Mandapaka, P.V., Krajewski, W.F., Moore, R.J., 2008. Rainfall and
sampling uncertainties: a rain gauge perspective. J. Geophys. Res. 113, D11102.
Villarini, G., Smith, J.A., Baeck, M.L., Sturdevant-Rees, P., Krajewski, W.F., 2010.
Radar analyses of extreme rainfall and ﬂooding in urban drainage basins. J.
Hydrol. 381 (3–4), 266–286.
Vivoni, E., Entekhabi, D., Hoffman, R.N., 2007. Error propagation of radar rainfall
nowcasting ﬁelds through a fully distributed ﬂood forecasting model. J. Appl.
Meteorol. Climatol. 46, 932–940.
WaPUG, 2002. Code of practice for the hydraulic modelling of sewer systems. Tech.
rep., Wastewater Planning Users Group, <http://www.ciwem.org/knowledge-
networks/groups/urban-drainage/publications/code-of-practice.aspx>.
WaPUG, 2004. Report by the foundation for water research, wastewater
research and industry support forum on urban rainfall and run-off. workshop,
30th April 2004, birmingham. Tech. rep., <http://www.fwr.org/wapug/
wapugurr.pdf>.
Wu, S.-J., Lien, H.-C., Hsu, C.-T., Chang, C.-H., Shen, J.-C., 2015. Modeling probabilistic
radar rainfall estimation at ungauged locations based on spatiotemporal errors
which correspond to gauged data. Hydrol. Res. 46, 39–59.
Yuan, J., Tilford, K., Jiang, H., Cluckie, I., 1999. Real-time urban drainage system
modelling using weather radar rainfall data. Phys. Chem. Earth Part B 24 (8),
915–919.
Zappa, M., Rotach, M.-W., Arpagaus, M., Dorninger, M., Hegg, C., Montani, A., Ranzi,
R., Ament, F., Germann, U., Grossi, G., et al., 2008. MAP D-PHASE: real-time
demonstration of hydrological ensemble prediction systems. Atmos. Sci. Lett. 9
(2), 80–87.
Zhu, D., Peng, D., Cluckie, I., 2013. Statistical analysis of error propagation from
radar rainfall to hydrological models. Hydrol. Earth Syst. Sci. 17, 1445–1453.
